Profiling phylogenetic marker genes, such as the 16S rRNA gene, is a key tool for studies of microbial communities but does not provide direct evidence of a community's functional capabilities. Here we describe PICRUSt (phylogenetic investigation of communities by reconstruction of unobserved states), a computational approach to predict the functional composition of a metagenome using marker gene data and a database of reference genomes. PICRUSt uses an extended ancestral-state reconstruction algorithm to predict which gene families are present and then combines gene families to estimate the composite metagenome. Using 16S information, PICRUSt recaptures key findings from the Human Microbiome Project and accurately predicts the abundance of gene families in host-associated and environmental communities, with quantifiable uncertainty. Our results demonstrate that phylogeny and function are sufficiently linked that this 'predictive metagenomic' approach should provide useful insights into the thousands of uncultivated microbial communities for which only marker gene surveys are currently available.
A n A ly s i s
Profiling phylogenetic marker genes, such as the 16S rRNA gene, is a key tool for studies of microbial communities but does not provide direct evidence of a community's functional capabilities. Here we describe PICRUSt (phylogenetic investigation of communities by reconstruction of unobserved states), a computational approach to predict the functional composition of a metagenome using marker gene data and a database of reference genomes. PICRUSt uses an extended ancestral-state reconstruction algorithm to predict which gene families are present and then combines gene families to estimate the composite metagenome. Using 16S information, PICRUSt recaptures key findings from the Human Microbiome Project and accurately predicts the abundance of gene families in host-associated and environmental communities, with quantifiable uncertainty. Our results demonstrate that phylogeny and function are sufficiently linked that this 'predictive metagenomic' approach should provide useful insights into the thousands of uncultivated microbial communities for which only marker gene surveys are currently available.
High-throughput sequencing has facilitated major advances in our understanding of microbial ecology and is now widespread in biotechnological applications from personalized medicine 1 to bioenergy 2 . Markers such as the 16S rRNA gene (16S) of bacteria and archaea are frequently used to characterize the taxonomic composition and phylogenetic diversity of environmental samples. Because marker gene studies focus on one or a few universal genes, they cannot directly identify metabolic or other functional capabilities of the microorganisms under study. Conversely, metagenomic sequencing aims to sample all genes from a community and can produce detailed metabolic and functional profiles. Although relatively little sequencing is needed to characterize the diversity of a sample 3, 4 , deep, and therefore costly, metagenomic sequencing is required to access rare organisms and genes 5 . Thus, marker gene profiling of large sample collections is now routine, but deep metagenomic sequencing across many samples is prohibitively expensive.
Although marker gene and shotgun sequencing strategies differ in the type of information produced, phylogeny and biomolecular function are strongly, if imperfectly, correlated. Phylogenetic trees based on 16S closely resemble clusters obtained on the basis of shared gene content [6] [7] [8] [9] , and researchers often infer properties of uncultured organisms from cultured relatives. For example, the genome of a Bacteroides spp. might reasonably be inferred to contain many genes encoding glycoside hydrolase activity, based on the commonality of these activities in sequenced Bacteroides isolates 10 . This association is in turn closely related to the pan-and core-genomes of each phylogenetic subtree 11 , in that larger and more strongly conserved core genomes result in more confident linkages of genes with clades. Conversely, a clade's core genome consists of genes its members can be expected with high probability to carry in their genomes. The correlation between phylogeny and functional attributes depends on factors including the complexity of the trait 12 , but the overall degree of correlation suggests that it may be fruitful to predict the functions encoded in an organism's genome on the basis of functions encoded in closely related genomes.
Recently, some 16S studies have extended these intuitions to infer the functional contribution of particular community members by mapping a subset of abundant 16S sequences to their nearest sequenced reference genome [13] [14] [15] . The accuracy of such approaches has not been evaluated, but the correlation between gene content and phylogeny 8, 9, 16 (excepting special cases such as laterally transferred elements and intracellular endosymbionts with reduced genomes) suggests that it may be possible to approximately predict the functional potential of microbial communities from phylogeny. Widespread and reproducible application of such a strategy requires an automated method that formalizes the relationship between evolutionary distance and functional potential across the entire metagenome, accounts A n A ly s i s for variation in marker gene copy number 17 and accurately recaptures insights from shotgun metagenomic sequencing.
Here we describe PICRUSt, a technique that uses evolutionary modeling to predict metagenomes from 16S data and a reference genome database. We investigated the accuracy of this approach as a function of the phylogenetic proximity of reference genomes to sampled environmental strains and the rate of decay of the phylogenyfunction correlation owing to a variety of factors including gene duplication, gene loss and lateral gene transfer. Lateral gene transfer is particularly relevant because it allows distantly related genomes to share functions that are missing from closer relatives and that appear to be particularly widespread in microbes sharing a common environment, including constituents of the human microbiome 18, 19 as well as extreme and contaminated environments 20, 21 . Quantitative predictions also depend on accurate modeling of community member abundance, which can be affected by 16S copy-number variation 17 (Supplementary Results). Although these caveats could theoretically limit the accuracy of any inference of microbial function from 16S sequence data, their quantitative effects on this relationship have not previously been explored in detail.
Our results using published data show that PICRUSt recaptures key findings from the Human Microbiome Project and predicts metagenomes across a broad range of host-associated and environmental samples. We applied PICRUSt to a range of data sets from humans 22 , soils 23 , other mammalian guts 14 and the hyperdiverse and underexplored Guerrero Negro microbial mat 24, 25 , which allowed us to model how the accuracy of PICRUSt varies based on the availability of reference genomes for organisms in each environment. In the best cases, correlations between inferred and metagenomically measured gene content approached 0.9 and averaged ~0.8. PICRUSt recaptured most of the variation in gene content obtained by metagenomic sequencing using only a few hundred 16S sequences and in some cases outperformed the metagenomes measured at particularly shallow sampling depths. Additionally, we quantified the effects of several other factors on PICRUSt's accuracy, including reference database coverage, phylogenetic error, gene functional category (a potential surrogate for the effects of lateral gene transfer), ancestral state reconstruction method, microbial taxonomy and 16S sequencing depth. Finally, we applied PICRUSt to several 16S-only data sets to identify previously undescribed patterns in gene content in oral, vaginal and coral mucus samples. Our implementation of these techniques, associated documentation and example data sets are made freely available in the PICRUSt software package at http://picrust.github.com/ and Supplementary Data.
RESULTS

The PICRUSt algorithm
We developed PICRUSt to predict the functional composition of a microbial community's metagenome from its 16S profile. This is a twostep process. In the initial 'gene content inference' step, gene content is precomputed for each organism in a reference phylogenetic tree. This reconstructs a table of predicted gene family abundances for each organism in the 16S-based phylogeny. Because this step is independent of any particular microbial community sample, it is calculated only once. The subsequent 'metagenome inference' step combines the resulting gene content predictions for all microbial taxa with the relative abundance of 16S rRNA genes in one or more microbial community samples, corrected for expected 16S rRNA gene copy number, to generate the expected abundances of gene families in the entire community (Fig. 1) .
In the gene content inference step, PICRUSt predicts what genes are present in organisms that have not yet been sequenced based on the genes observed in their sequenced evolutionary relatives. To do this, PICRUSt uses existing annotations of gene content and 16S copy number from reference bacterial and archaeal genomes in the IMG database 26 . Any functional classification scheme can be used with PICRUSt; here, we demonstrate the use of the popular KEGG Orthology (KOs) 27 and Clusters of Orthologs Groups (COGs) 28 classification schemes. PICRUSt uses ancestral state reconstruction, along with a weighting method we developed for this work, to make predictions of gene content (with estimates of uncertainty) for all organisms represented in the Greengenes phylogenetic tree of 16S sequences 29 .
Prediction of a microbe's gene content starts by inferring the content of the organism's last phylogenetic common ancestor with one or more sequenced genomes. Inference of the genes in each ancestor (and uncertainty in that estimate) is handled by existing methods for ancestral state reconstruction. Ancestral state reconstruction algorithms infer the traits of ancestral organisms by fitting evolutionary models to the distribution of traits observed in living organisms using criteria such as maximum likelihood or Bayesian posterior probability. PICRUSt extends existing ancestral state reconstruction methods to predict the traits of extant (in addition to ancestral) organisms. This allows the contents of the genomes of environmental strains to be inferred, with uncertainty in that inference quantified based on each gene family's rate of change. This approach accounts both for the propensities of gene families for lateral transfer and for the degree to which each gene family is part of a core conserved within particular microbial clades. The gene contents of each reference genome and inferred ancestral genomes are then used to predict the gene contents of all microorganisms present in the reference phylogenetic tree. This initial genome prediction step is computationally intensive, but it is independent of any specific experiment and needs to be done only once, allowing a single reference to be precomputed off-line and provided to users.
The metagenome inference step relies on a user-provided table of operational taxonomic units (OTUs) for each sample with associated Greengenes identifiers. Such tables are typically produced as one of the main data products in a 16S rRNA gene sequencing assay by analysis systems such as QIIME (quantitative insights into microbial ecology) 30 . Because 16S rRNA copy number varies greatly among different bacteria and archaea, the user's table of OTUs is normalized by dividing the abundance of each organism by its predicted 16S copy number. The 16S rRNA copy numbers for each organism are themselves inferred as a quantitative trait by ancestral state reconstruction during the genome prediction step (Supplementary Figs. 14-17 ). Normalized OTU abundances are then multiplied by the set of gene family abundances calculated for each taxon during the gene content inference step. The final output from metagenome prediction is thus an annotated table of predicted gene family counts for each sample, where gene families can be orthologous groups or other identifiers such as KOs, COGs or Pfams. The resulting tables are directly comparable to those generated by metagenome annotation pipelines such as HUMAnN 31 or MG-RAST 32 . As with metagenome sequence data, the table of gene family counts can be further summarized as pathway-level categories, if desired. However, in addition to estimating the aggregate metagenome for a community, PICRUSt also estimates the contribution of each OTU to a given gene function, which is not as easily obtained from shotgun metagenome sequencing 33 .
PICRUSt recapitulates Human Microbiome Project metagenomes
The value of PICRUSt depends on the accuracy of its predicted metagenomes from marker gene samples and the corresponding ability to recapitulate findings from metagenomic studies. The performance npg A n A ly s i s of PICRUSt was first evaluated using the set of 530 Human Microbiome Project (HMP) samples that were analyzed using both 16S rRNA gene and shotgun metagenome sequencing 22 . Although a shotgun metagenome is itself only a subset of the underlying biological metagenome, accurate prediction of its composition constitutes a critical test for PICRUSt. Human-associated microbes have been the subject of intensive research for decades, and the HMP alone has produced >700 draft and finished reference genomes, suggesting that the human microbiome would be a worthwhile benchmark for testing the accuracy of PICRUSt's metagenome predictions. We tested the accuracy of PICRUSt by treating HMP metagenomic samples as a reference and calculating the correlation of PICRUSt predictions from paired 16S samples across 6,885 resulting KO groups.
PICRUSt predictions had high agreement with metagenome sample abundances across all body sites (Spearman r = 0.82, P < 0.001; Fig. 2a and Supplementary Fig. 1 ). Using two synthetic communities from the HMP constructed from a set of known microorganisms 34 , we used PICRUSt to make predictions that were even more accurate for both communities (Spearman r = 0.9, P < 0.001; Supplementary Fig. 2 ). We also tested, as a targeted example, PICRUSt's accuracy in specifically predicting the abundance of glycosaminoglycan degradation functions, which are more abundant in the gut than elsewhere in the body 31 . Using the same differential enrichment analysis on both PICRUSt and metagenomic data yielded identical rankings across body sites and very similar quantitative results (Fig. 2b-f) , suggesting that PICRUSt predictions can be used to infer biologically meaningful differences in functional abundance from 16S surveys even in the absence of comprehensive metagenomic sequencing.
Inferring host-associated and environmental metagenomes
We evaluated the prediction accuracy of PICRUSt in metagenomic samples from a broader range of habitats including mammalian guts 14 , soils from diverse geographic locations 23 and a phylogenetically complex hypersaline mat community 24, 25 . These habitats represent more challenging validations than the human microbiome, as they have not generally been targeted for intensive reference genome sequencing. Because PICRUSt benefits from reference genomes that are phylogenetically similar to those represented in a community, this evaluation allowed us to quantify the impact of increasing dissimilarity between reference genomes and the metagenome.
To characterize this effect, we developed the nearest sequenced taxon index (NSTI) to quantify the availability of nearby genome representatives for each microbiome sample (Online Methods). NSTI is the sum of phylogenetic distances for each organism in the OTU table to its nearest relative with a sequenced reference genome, measured in terms of substitutions per site in the 16S rRNA gene and weighted by the frequency of that organism in the OTU table. As expected, NSTI values were greatest for the phylogenetically diverse hypersaline mat microbiome (mean NSTI = 0.23 ± 0.07 s.d.), lowest for the well-covered HMP samples (mean NSTI = 0.03 ± 0.02 s.d.), midrange for the soils (mean NSTI = 0.17 ± 0.02 s.d.) and varied for the mammals (mean NSTI = 0.14 ± 0.06 s.d.) (Fig. 3) . Also as expected, the accuracy of PICRUSt in general decreased with increasing NSTI across all samples (Spearman r = −0.4, P < 0.001) and within each microbiome type (Spearman r = −0.25 to −0.82, P < 0.05). For a subset of mammal gut samples (NSTI < 0.05) and all of the soil samples that we tested, PICRUSt produced accurate metagenome predictions (Spearman r = 0.72 and 0.81, respectively, both P < 0.001). It should be noted that both the mammalian and hypersaline metagenomes were shallowly sequenced at a depth expected to be insufficient to fully sample the underlying community's genomic composition, thus likely causing the accuracy of PICRUSt to appear artificially lower for these communities (see below). Although the lower accuracy on the hypersaline microbial mats community (Spearman r = 0.25, P < 0.001) confirms that PICRUSt must be applied with caution to the most novel and diverse communities, the ability to calculate NSTI values within PICRUSt from 16S data allows users to determine whether their samples are tractable for PICRUSt prediction before running an analysis. Moreover, the evaluation results verify that PICRUSt provides useful functional predictions for a broad range of environments beyond the well-studied human microbiome.
PICRUSt outperforms shallow metagenomic sequencing
These validations showed that other factors in addition to NSTI also influence PICRUSt accuracy. Because sequenced metagenomes were used as a proxy for the true metagenome in our control experiments, metagenome sequencing depth was an additional contributing factor Figure 1 The PICRUSt workflow. PICRUSt is composed of two high-level workflows: gene content inference (top box) and metagenome inference (bottom box). Beginning with a reference OTU tree and a gene content PICRUSt workflow npg A n A ly s i s to the (apparent) accuracy of PICRUSt. This is because sequenced metagenomes themselves are incomplete surveys of total underlying functional diversity. Indeed, we found that metagenome sequencing depth for each sample correlated with PICRUSt accuracy (Spearman r = 0.4, P < 0.001), suggesting that samples with particularly low sequencing depth may be poor proxies for the community's true metagenome and may lead to conservative estimates of PICRUSt accuracy (Supplementary Fig. 3) . Similarly, we found a weak correlation between 16S rRNA gene sequencing depth and PICRUSt accuracy (Spearman r = 0.2, P < 0.001), also suggesting a statistically significant but numerically smaller impact on PICRUSt Prediction accuracy for paired 16S rRNA marker gene surveys and shotgun metagenomes are plotted against the availability of reference genomes as summarized by NSTI. Accuracy is summarized using the Spearman correlation between the relative abundance of gene copy number predicted from 16S data using PICRUSt versus the relative abundance observed in the sequenced shotgun metagenome. In the absence of large differences in metagenomic sequencing depth, relatively well-characterized environments, such as the human gut, had low NSTI values and can be predicted accurately from 16S surveys. Conversely, environments containing much unexplored diversity (e.g., phyla with few or no sequenced genomes), such as the Guerrero Negro hypersaline microbial mats, tended to have high NSTI values. Fig. 4 ). This is likely because proportionally more sequencing is needed to profile functional diversity than phylogenetic diversity. To test the relationship between sequencing depth and accuracy, we used rarefaction analysis of the soil data set to assess the effects of subsampling either the 16S rRNA genes (for PICRUSt predictions) or the shotgun metagenomic data (Fig. 4) . We found that PICRUSt predictions converged rapidly with increasing sequencing depth and reached a maximum accuracy with only 105 16S sequences assigned to OTUs per sample (final Spearman r = 0.82, P < 0.001). This suggests that PICRUSt predictions could be performed on 16S data even from shallow sequencing (including many clone library/Sanger data sets) with little loss of accuracy. At this sequencing depth, subsamples from the full metagenome were very poor (though still significant) predictors of overall metagenome content (Spearman r = 0.18, P < 0.001 The data label describes the number of annotated reads below which PICRUSt-prediction accuracy exceeds metagenome sequencing accuracy. Note that the plotted rarefaction depth reflects the number of 16S or metagenomic sequences remaining after standard quality control, dereplication and annotation (or OTU picking in the case of 16S sequences), not the raw number returned from the sequencing facility. The number of total metagenomic reads below which PICRUSt outperforms metagenomic sequencing (72,650) for this data set was calculated by adjusting the crossover point in annotated reads (above) using annotation rates for the soil data set (17.3%) and closed-reference OTU picking rates for the 16S rRNA data set (68.9%). The inset figure illustrates rapid convergence of PICRUSt predictions given low numbers of annotated reads (blue line). A n A ly s i s the value of deep metagenomic sequencing, but also show that the number of sequences recovered per sample in a typical 16S survey (including those using Sanger sequencing) is more than sufficient to generate high-quality predictions from PICRUSt.
Functional and phylogenetic determinants of PICRUSt accuracy
We further tested and optimized the genome prediction step of PICRUSt using additional information from sequenced reference genomes (Supplementary Results and Supplementary Figs. 5-9 ). The prediction accuracy of PICRUSt was largely consistent across diverse taxa throughout the phylogenetic tree of archaea and bacteria (Fig. 5) . Notably, PICRUSt predictions were as accurate for archaeal (mean = 0.94 ± 0.04 s.d., n = 103) as for bacterial genomes (mean = 0.95 ± 0.05 s.d., n = 2,487). Most of the variation seen across groups was due to differences in their representation by sequenced genomes. For example, of the 40 taxonomic families that had an associated accuracy <0.80, each of these families had at most six sequenced members, whereas the 53 families with a predicted accuracy >0.95 had on average 30 sequenced representatives. This coincides with our findings that the accuracy of PICRUSt at both the genome and metagenome levels depends on having closely sequenced relatives with accurate annotations.
Analysis of PICRUSt predictions across functional groups ( Fig. 6  and Supplementary Fig. 10 ) revealed that, as a positive control, core or housekeeping functions, such as genetic information processing, were most accurately predicted (mean accuracy = 0.99 ± 0.03 s.d.). Conversely, gene families that are variable across genomes and more likely to be laterally transferred, such as those in environmental information processing, had slightly lower accuracy (mean accuracy = 0.95 ± 0.04 s.d.). The subcategories of this group predicted least accurately were membraneassociated and therefore expected to change rapidly in abundance in response to environmental conditions 35 . Such functional categories also typically show large differences in relative abundance between similar communities (e.g., metal cation efflux 36 and nickel/peptide transporters 19 ) and are enriched for lateral gene transfer 21, 37 . However, even these more challenging functional groups were accurately predicted by PICRUSt (min. accuracy = 0.82), suggesting that our inference of gene abundance across various types of functions was reliable.
Biological insights from the application of PICRUSt
As a final illustration of PICRUSt's computational efficiency and ability to generate biological insights, we applied PICRUSt to three large 16S data sets. In the first example, all 6,431 16S samples from the HMP were analyzed to predict metagenomes using PICRUSt, requiring <10 min of runtime on a standard desktop computer. One of the many potential applications of such data is in functionally explaining shifts in microbial phylogenetic distributions between distinct habitats. Previous culture-based studies had detected higher frequencies of aerobic bacteria in the supragingival plaque relative to subgingival plaque 38 , and an analysis of HMP 16S rRNA sequences detected taxonomic differences between these two sites 39 . Analysis of the PICRUSt-predicted HMP metagenomes revealed an enrichment in the metabolic citrate cycle (M00009) genes in supragingival plaque samples in comparison to subgingival plaque (P < 1e-10; Welch's t-test with Bonferroni correction), supporting previous claims that aerobic respiration is more prevalent in the supragingival regions 38 .
In the second example, we applied PICRUSt to generate functional predictions for ecologically critical microbial communities associated with reef-building corals. The system under study is subject to an experimental intervention simulating varying levels of eutrophication and overfishing 40 . One hypothesis to explain the role of algae in the global decline of coral populations posits that eutrophication favors algal growth, which in turn increases dissolved organic carbon (DOC) loads. DOC favors overgrowth of fast-growing opportunist microbes on the surface of coral, outcompeting more-typical commensal microbes, depleting O 2 (ref. 15 ) and ultimately causing coral disease or death. This is known as the dissolved organic carbon, disease, algae and microbes model 41 (although direct algal toxicity through secreted npg A n A ly s i s allelochemicals also appears to play a role 42 ). To shed light on this hypothesis using PICRUSt, we predicted metagenomes for 335 coral mucus samples collected in situ from corals in experimental plots with varying levels of algal cover (Supplementary Fig. 11 ). Consistent with algae-driven increases in opportunistic pathogen loads, genes in the secretion system were perfectly correlated with relative algal cover (Spearman r = 1.0, P = 0.0), with 46% enrichment in corals from high versus low algal cover plots. Algal cover also produced significant variation in ribosomal biogenesis genes (ANOVA raw P = 1.6e-4; Bonferroni-corrected: 0.049; false-discovery rate, q = 0.0047), indicating an effect on generally faster-growing organisms. This variation was strongly correlated with relative algal cover across plots and time points (Spearman r = 0.90, P = 0.037) and represented a 25% increase in this gene category between corals in plots with the highest versus lowest algal cover. Further evidence that supported a decrease in typical consumers of coral mucus carbohydrates in favor of fast-growing opportunists was provided by significant depletion of two categories of carbohydrate metabolism genes (Spearman r = −1.0; P = 0.0 "Galactose metabolism"; Spearman r = −0.90, P = 0.037 "Ascorbate and alderate metabolism"). As the weighted NSTI in this case was 0.12 (±0.02 s.d.), these results suggest that PICRUSt may provide biologically actionable hypotheses even in challenging environments with fewer available reference genomes.
Finally, we assessed 993 samples from time courses covering ~16 weeks each from the vaginal microbiomes of 34 individual subjects 43 . These samples have been previously analyzed only in the context of longitudinal changes in microbial taxonomic composition over time; PICRUSt provided insights into what additional putative microbial pathway changes might explain or accompany this compositional variation. The first analysis this facilitated was a comparison of community beta-diversity within subjects over time, contrasting the degree of similarity of microbial composition over time with the similarity of the accompanying inferred metagenomes. In all cases, the mean BrayCurtis diversity using KOs predicted by PICRUSt was more stable over time than when using OTU composition (Supplementary Fig. 12 ). To our knowledge, this provides the first longitudinal results mirroring the functional stability in metagenomes that has been observed cross-sectionally 22, 44 . Second, we identified seven KEGG modules that had significant differences in mean abundances in samples taken during menses (Supplementary Fig. 13 ). The KEGG module with the largest significant increase in mean proportion during menses was "M00240: Iron complex transport system," suggesting a shift in the microbiome that might be explained by pathways that utilize the iron-rich environment provided during menstruation.
DISCUSSION
The application of PICRUSt to diverse metagenomic data sets shows that the phylogenetic information contained in 16S marker gene sequences is sufficiently well correlated with genomic content to yield accurate predictions when related reference genomes are available. Our validation results support widespread application of PICRUSt to 16S data sets containing as few as a few hundred sequences per sample, provided that NSTI or a similar measure is used to quantify the expected prediction accuracy. Although PICRUSt's predictive approach neither precludes nor outperforms deep metagenomic sequencing, it can predict and compare probable functions across many samples from a wide range of habitats at a small fraction of the cost of such sequencing. This approach thus opens up avenues for tiered, more cost-effective study designs and provides functional insights into the tens of thousands of existing samples for which only 16S data are available.
We recommend the incorporation of PICRUSt and (meta)genomic sequencing into marker gene studies using a deliberate, tiered approach to best leverage the strengths of both. Because phylogenetic dissimilarity among environmental organisms and sequenced genomes (as captured by NSTI) affects PICRUSt accuracy, NSTI values can be calculated from preliminary 16S rRNA data to assess whether reference genome coverage is sufficiently dense to allow for accurate PICRUSt prediction. If adequate reference genomes are not available, additional genome sequences can be collected to fill in phylogenetic gaps in the reference database and allow for accurate prediction. This can be done either through traditional culture-based techniques, single-cell genomic approaches or deep metagenomic sequencing of samples targeted based on 16S data. If NSTI appears sufficient but additional controls are desired, a preliminary set of paired 16S rRNA and shotgun metagenomic samples can be compared using PICRUSt's built-in tools to empirically test prediction accuracy on the sample types of interest. On the basis of such validations from select samples, PICRUSt can then be used to extend approximate functional information from a few costly metagenomes to much larger accompanying 16S rRNA gene sequence collections.
However, the limitations of this approach must be considered in interpreting PICRUSt predictions. For example, only 16S marker gene sequences corresponding to bacterial and archaeal genomes are currently included; thus this version of the system does not infer viral or eukaryotic components of a metagenome. PICRUSt's ability to detect patterns also depends on the input data used. The software cannot distinguish variation at the strain level if the marker gene sequence used is identical among strains, and it cannot detect gene families (or summarize them into pathways) if those genes are not included in the input genomic data used, or if pathway annotations are currently poor (e.g., for acetogenesis genes). However, because PICRUSt can accept trees produced by alternative marker genes or gene/pathway annotations, users have the flexibility to customize the tool to meet the needs of their system. Although high overall accuracy was obtained despite microbial lateral gene transfer and other processes of gene gain and loss, gene families or pathways (e.g., methane oxidation) with highly variable distribution throughout the tree of life can still lead to incorrect predictions in individual cases. PICRUSt thus provides confidence intervals for each functional abundance prediction that reflect the degree of variation in that function among sequenced phylogenetic neighbors of predicted (meta)genomes, with wide confidence intervals indicating a high degree of uncertainty (Supplementary Fig. 7) . If individual gene abundances (rather than aggregate patterns) are of interest, users can choose to either discard predictions with low confidence or confirm them experimentally.
We anticipate several experimental and computational improvements that will further refine the predictive accuracy of PICRUSt. In addition to extending genome coverage and metagenome calibration as above, PICRUSt predictions could also likely be improved by including habitat information in a predictive model. This may provide additional predictive power in that some genes might correlate strongly with environmental parameters as well as phylogenetic similarity to reference organisms 9, 16 . Modification of prediction methods that incorporate information from partial genome sequences could expand the sensitivity of predictions in understudied environments by including additional reference gene content information. Finally, as reference genome sequence databases continue to expand and incorporate isolates from ever more diverse environments, the prediction accuracy of PICRUSt will improve by default over time. Predictive metagenomics thus holds the promise of uniting completed genome sequences, 16S rRNA gene studies and shotgun metagenomes into a single quantitative approach for assessing community function. 
ONLINE METHODS
Reference genomes and 16S data used by PICRUSt. PICRUSt requires a phylogenetic tree of marker genes that includes both tips with known data (e.g., complete reference genomes) and unknown tips (e.g., environmental sequences). Although any type of marker gene tree could be used with PICRUSt, the 16S 'tax2tree' version of Greengenes 45 was downloaded and used for all research presented. Similarly, PICRUSt can make inferences about any type of continuous trait, but for this research we used the popular KEGG 27 and COG 28 databases for annotations. Specifically, we obtained all KEGG Ortholog (KO) and COG annotations from v3.5 of IMG 26 to produce a table of 6,885 KO and 4,715 COG abundances for 2,590 genomes that had identifiers in the Greengenes reference tree. The number of copies of the 16S gene in each of these genomes was also obtained from IMG.
The PICRUSt algorithm. PICRUSt begins by formatting the marker phylogenetic tree and functional annotation file in preparation for ancestral state reconstruction. This includes creation of internal node labels in the tree, matching tree tips with reference genomes to the annotation file and creating a pruned version of the tree that contains only tips with corresponding reference genomes. An ancestral state reconstruction method is then applied to the pruned tree. This provides predicted values for each of the KOs (and the additional 16S copy number trait) for all internal nodes in the pruned tree. Four different ancestral state reconstruction methods were tested including Wagner Parsimony from the COUNT package (v11.0502) 46 and ACE ML, ACE REML and ACE PIC of the APE R library (v2.8) 47 . The next step makes predictions for all tips in the reference tree that do not have corresponding genomes using the inferences for the internal nodes from the ancestral state reconstruction step. A prediction of gene content is generated using an average of the contents of extant and inferred ancestral genomes, weighted exponentially by the reciprocal of phylogenetic distance. This causes very closely related existing or ancestral genomes to be counted much more heavily than more distant relatives, and it is also consistent with previous research suggesting an exponential relationship between 16S phylogenetic distance and gene content conservation 9 . (Confidence intervals on this prediction are also optionally calculated when using any of the ACE methods (Supplementary Fig. 7) .) It is important to note that the prediction of gene content for tips in the trees without reference genomes is an estimate only, and that although our method does model gene gain and loss, some instances of gain or loss or laterally transferred genes will be poorly predicted (with broad confidence intervals as a result). This is rare in practice, however, as validated at the genome and metagenome level by comparing our predictions with the known gene contents from actual sequencing (see below). This genome prediction step only needs to be precomputed once, resulting in a precalculated file that is provided with the PICRUSt package containing predicted genome contents for all tips in the marker reference tree.
For metagenome prediction, PICRUSt takes an input OTU table that contains identifiers that match tips from the marker gene (e.g., Greengenes identifiers) with corresponding abundances for each of those OTUs across one or more samples. First, PICRUSt normalizes the OTU table by the 16S copy number predictions so that OTU abundances more accurately reflect the true abundances of the underlying organisms. The metagenome is then predicted by looking up the precalculated genome content for each OTU, multiplying the normalized OTU abundance by each KO abundance in the genome and summing these KO abundances together per sample. The prediction yields a table of KO abundances for each metagenome sample in the OTU table. For optional organism-specific predictions, the per-organism abundances are retained and annotated for each KO.
Paired 16S and metagenome validations and metagenome predictions from 16S data. Several microbiome studies that included both 16S sequencing and metagenome sequencing for the same samples were used to test the accuracy of PICRUSt. These included 530 paired human microbiome samples 22 , 39 paired mammal gut samples 14 , 14 paired soil samples 23 , 10 paired hypersaline microbial mats 24, 25 and two even/staggered synthetic mock communities from the HMP 34 . We additionally used PICRUSt to make predictions on three 16S-only microbiome studies, specifically 6,431 HMP samples (http://hmpdacc.org/HMQCP/), 993 vaginal time course samples 43 and 335 coral mucus samples (http://www.microbio.me/qiime/; Study ID 1854).
For 16S data, PICRUSt-compatible OTU tables were constructed using the closed-reference OTU-picking protocol in QIIME 1.5.0-dev (pick_reference_ otus_through_otu_table.py) against Greengenes+IMG using 'uclust' 48 . For paired metagenomes, whole genome sequencing reads were annotated to KOs using v0.98 of HUMAnN 31 . Expected KO counts for the HMP mock communities were obtained by multiplying the mixing proportions of community members by the annotated KO counts of their respective reference genomes in IMG. PICRUSt was used to predict the metagenomes using the 16S-based OTU tables, and predictions were compared to the annotated whole genome sequencing metagenome across all KOs using Spearman rank correlation. In addition, KOs were mapped to KEGG Module abundances, following the conjugative normal form as implemented in HUMAnN script "pathab.py" for the HMP and vaginal data sets to compare modules and pathways. Bray-Curtis distances (for Beta-diversity comparison between OTU or PICRUSt KO abundances across samples) were calculated using as implemented in the QIIME "beta_diversity.py" script. The PCA plot and identification of KEGG modules with significant mean proportion differences for both the HMP and vaginal data sets was created using STAMP v2.0 (ref. 36) .
The Nearest Sequenced Taxon Index (NSTI) was developed as an evaluation measure describing the novelty of organisms within an OTU table with respect to previously sequenced genomes. For every OTU in a sample, the sum of branch lengths between that OTU in the Greengenes tree to the nearest tip in the tree with a sequenced genome is weighted by the relative abundance of that OTU. All OTU scores are then summed to give a single NSTI value per microbial community sample. PICRUSt calculates NSTI values for every sample in the given OTU table, and we compared NSTI scores and PICRUSt accuracies for all of the metagenome validation data sets.
In the metagenome rarefaction analysis (Fig. 4) , a given number of counts were randomly selected from either the collection of microbial OTUs for each sample (i.e., the 16S rRNA OTU table) or the collection of sequenced genes in that sample using the multiple_rarefactions.py script in QIIME 1.5.0-dev 30 . To estimate the number of raw reads at which PICRUSt outperforms metagenomic sequencing the annotated shotgun reads were transformed to total sequenced reads by dividing by the mean annotation rates from the original manuscript (17.3%), while 16S rRNA reads were transformed using the success rate for closed-reference OTU picking at a 97% 16S rRNA identity threshold (68.9%). Both the subsampled metagenome and the PICRUSt predictions from the subsampled OTU table were compared for accuracy using Spearman rank correlation versus the nonsubsampled metagenome.
Single-genome, phylogenetic and pathway-specific validations. The accuracy of metagenomic prediction depends on accurate prediction of the gene families (e.g., KOs) present in unsequenced organisms. The accuracy of this gene content prediction step was assessed by using fully sequenced genomes (in which gene content is known) as controls. A test data set was generated for each sequenced genome in IMG in which that genome was excluded from the reference gene by genome table. PICRUSt was then used to infer the content of the excluded genome. Subsequently, this predicted gene content was compared against the actual gene content, that is the sequenced genome annotations. The results were compared using Spearman rank correlation for the actual versus estimated number of gene copies in each gene family or using accuracy and/or balanced accuracy for presence/absence evaluations. These results are presented as the 'genome holdout' data set. In addition to using this data set to calculate the accuracy of each genome, it was also used to calculate the accuracy per functional gene category. This was done by first mapping KOs to KEGG Modules (described above) for each genome (for both real and PICRUSt predictions) and then comparing each module across all genomes. For visualization, the accuracy of each module was mapped into more general functional categories using the BRITE hierarchy 27 .
The accuracy of PICRUSt across different taxonomic groups in the phylogenetic tree of bacteria and archaea was visualized using GraPhlAn v0.9 (http://huttenhower.sph.harvard.edu/graphlan). The phylogenetic tree for display was constructed by pruning the Greengenes tree down to tips with corresponding genomes as above, with taxonomic labels at the phylum and genus level obtained for each genome from NCBI Taxonomy 49 .
We expected that the accuracy of PICRUSt's predictions would decrease when large phylogenetic distances separated the organism of interest and the npg nearest sequenced reference genome(s). To test this expectation, 'distance holdout' data sets were constructed. These data sets were constructed in the same manner as 'genome holdout' data sets described above, except that all genomes within a particular phylogenetic distance (on the 16S tree) of the test organism were excluded from the reference data set. For example, when predicting Escherichia coli MG1655, a distance holdout of 0.03 substitutions/ site would exclude not only that genome, but also all other E. coli strains. These tests were conducted at phylogenetic distances ranging from 0.0 to 0.50 substitutions/site in the full-length 16S rRNA gene, in increments of 0.03 substitutions/site.
Finally, we tested the effects of local inaccuracy in tree construction on PICRUSt's performance. These 'tree randomization holdouts' were constructed the same as the 'genome holdout' data set (above), except that in addition to excluding one genome, the labels of all organisms within a specified phylogenetic distance of the test organism were randomized on the 16S tree. For example, our 'tree randomization holdout' targeting E. coli with a distance of 0.03 scrambled the phylogeny of all reference E. coli strains around the tip to be predicted, while leaving the rest of the tree intact. These tests were conducted at phylogenetic distances ranging from 0.0 to 0.50 substitutions/site in the 16S rRNA gene, in increments of 0.03 substitutions/site.
